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ABSTRACT

The impact of drought on human livelihoods is significant, as it is a natural disaster that affects various
aspects of life. This research aims to evaluate suitable drought indices for assessing agricultural drought
risk in highland regions, focusing on the Nan Watershed in Northern Thailand. The study analyzed
three types of drought indices: Normalized Monthly Precipitation Anomaly Percentage (NPA),
Vegetation Health Index (VHI), and Normalized Vegetation Supply Water Index (NVSWI). Rainfall
data from the Tropical Rainfall Measuring Mission (TRMM) TRMM 3B42 product was used to assess
the suitability of these indices for evaluating agricultural drought risk over a ten-year period (2013-
2022). The study found that ground-based rainfall data and TRMM3B42 satellite data have a very high
statistical correlation, with a correlation coefficient of 0.8945. Analyzing the statistical correlation of
suitable drought indices for assessing agricultural drought risk revealed that NVSWI had the highest
statistical correlation with a coefficient of 0.956.VVHI had a correlation coefficient of -0.8179, and NPA
had a correlation coefficient of 0.867. For evaluating the suitability of drought indices affecting the
assessment of agricultural drought risk in high areas, focusing on the Nan Watershed in Northern
Thailand, this study concludes that NVSWI is the most suitable index for assessing agricultural drought
risk in high areas.
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1.INTRODUCTION

Drought is a natural disaster that significantly impacts human livelihoods by causing dry
conditions and a noticeable decline in quality of life (Rotjanakusol & Laosuwan, 2018; Rotjanakusol
& Laosuwan, 2019). It is a phenomenon that takes time to reveal its effects (Uttaruk & Laosuwan,
2019), which can persist for extended periods as drought encroaches slowly. This contrasts with
phenomena like floods, where impacts are immediately evident through rising water levels (Lloyd-
Hughes & Saunders, 2002; Wang et al., 2020). Several factors contribute to drought, such as lower-
than-normal rainfall (drought), uneven distribution of rainfall, prolonged dry spells, low soil water
retention, insufficient water storage capacity, and the silting up of existing water sources leading to
runoff into major rivers and ultimately the sea (Nanzad et al., 2019; Chen et al., 2020). These causes
result in varied impacts depending on the nature of the affected area and the specific causes of drought
in that area (Cui et al., 2021; lamampai et al., 2023).
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Drought has different meanings (Prabnakorn et al., 2018). Generally, it refers to periods of
significantly lower-than-average rainfall and is considered a permanent feature of regional climates,
such as deserts with annual rainfall below 100 mm. In contrast, temporary droughts feature lower-
than-normal precipitation, influenced by climatic variability such as higher temperatures, lower
humidity, and strong winds (Magyari-Saska & Haidu 2009; Haidu & Magyari-Saska, 2010;
Raksapatcharawong et al., 2020). Drought lacks a precise definition and can occur in any region of
the world. Simply put, it means no rain in a particular area for an extended period, inhibiting plant
and life growth (Fussel & Klein, 2006; Hannaford, 2018). Arid conditions exist on every continent,
with local life adapting to these environments or maintaining natural balances, such as in African
deserts (Muyambo et al., 2017). Drought can also occur anywhere, with severity depending on
various factors, including physical, ecological, and human activities (Kamanga et al., 2020). Drought
characteristics can be classified in several ways, with different definitions as follows: 1)
meteorological drought, referring to low rainfall in the studied area; 2) agricultural drought,
describing insufficient soil moisture for crops due to low rainfall; 3) hydrological drought, concerning
low reserves of surface and groundwater; and 4) socioeconomic drought, which considers resource
availability and demand, leading to scarcity when demand exceeds supply. This last type focuses on
human needs and resource limitations (Copernicus, 2020). Agricultural drought specifically concerns
inadequate water supply for agriculture due to insufficient rainfall or prolonged dry spells during
critical growth periods or high evapotranspiration rates, resulting in soil moisture deficits (Wongtui
& Nilsonthi, 2024).

Satellite remote sensing has demonstrated its effectiveness as a valuable and dependable tool for
monitoring drought conditions (Rotjanakusol & Laosuwan, 2020; Meena & Laosuwan; 2021;
Laosuwan et al., 2022; Itsarawisut et al., 2024). Additionally, it excels in analyzing the progression
of drought over temporal and spatial (Nakapan & Hongthong, 2022; Yu et al., 2022; Hongthong &
Nakapan, 2023). Satellite remote sensing for operational drought monitoring has mainly relied on the
use of Normalized Difference Vegetation Index (NDVI) data from the National Oceanic and
Atmospheric Administration (NOAA) Advanced Very High Resolution Radiometer (AVHRR). The
NDVI, created in the early 1970s by Rouse et al. (1974), is a straightforward mathematical
transformation of data from two commonly available spectral bands on most satellite-based sensors,
the visible red and near infrared (NIR). AVHRR NDVI-based metrics have been utilized for
monitoring drought for over two decades, with roots in the pioneering studies of Tucker et al., (1986),
Kogan (1990), Burgan et al., (1996), Unganai and Kogan (1998). Drought indices are metrics
indicating the dryness of an area based on influential factors such as agricultural land (Liu et al., 2023;
Li et al., 2024; Wu et al., 2024). These indices have been developed and refined using various
variables (Zargar et al., 2011; Zhou et al., 2021). Additionally, the application of satellite data
products enhances the accuracy of drought assessments, as evidenced by research in multiple
countries utilizing remote sensing technology for this purpose (Ndayiragije & Li, 2022). According
to the Office of Water Resources (Region 9), the Nan Watershed is a major watershed in Northern
Thailand, covering parts of Nan, Uttaradit, Phitsanulok, Phichit, and Nakhon Sawan provinces. This
basin continues to experience recurrent drought (Ministry of Natural Resources and Environment,
2011). This research aims to evaluate appropriate drought indices for assessing agricultural drought
risk in highland regions, focusing on the Nan Watershed in Northern Thailand.

2.MATERIALS AND METHODS

2.1. Study Area

The Nan Watershed (Fig.1) is located in Northern Thailand, covering a total area of 34,682.04
km2, The basin extends in a north-south direction, situated between latitudes 15° 42’ N and 18° 37' N
and longitudes 99° 51" E and 101° 21" E. The topography of the Nan Watershed is predominantly
mountainous, influenced by the southwest and northeast monsoons.
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Additionally, occasional depressions and typhoons from the South China Sea pass through,
resulting in distinct seasons: the rainy season from May to October, the winter from late October to
February, and the summer from March to April. The basin has an average annual temperature of
26.3°C, with the highest average temperature of 36.6°C recorded in April and the lowest average
temperature of 15.3°C in December. The monthly average temperature ranges from 22.1°C to 29.3°C.
The average annual rainfall is 1,371.0 mm, with monthly averages ranging from 5.9 mm to 280.9
mm.

99‘263‘)12 99.‘)25620 1 00.587328 101 .249036 101 910744

l 9.6755]6

1 8.504654
1 8.“’(!4654

Legend
7 I Nan Watershed

1 7.933792
T
1 7.933792

1 7&62930
L
T

l 7.062930

l 6.]92068
T
l 6.]92(!68

0 15 30 60

90 120 S

99.2’0391 2 99.‘)‘25620 1 00.‘587328 1 01 .‘249036 1 0 l .")!0744

Fig. 1. Nan Watershed.

2.2. Data Acquisition and Pre-processing

2.2.1. MODIS NDVI and LST Products

The NDVI and LST products from MODIS (MOD13C2 and MOD11C3, respectively) for the
period 2012-2022 were used in this study. Both products were downloaded from the website
https://ladsweb.modaps.eosdis.nasa.gov/, the quality of the MOD13C2 satellite data was transform
the NDV1 values into real values by multiplying the fixed pixel values with a scaling factor of 0.0001,
and the MOD11C3 data was Calculate the actual value by multiplying the pixel value by 0.02, then
subtracting 273.15 to convert from Kelvin to Degrees Celsius.

2.2.2. TRMM 3B43 Precipitation Product

Monthly precipitation data from the TRMM 3B43 product, from January to December for the
years 2013-2022, was downloaded from http://reverb.echo.nasa.gov, to calculate the monthly average
rainfall in the Nan Watershed, Northern Thailand.
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2.2.3. Rainfall Data

Daily rainfall data was collected from the Upper Northern Region Irrigation Hydrology Center,
Thailand in the five provinces within the Nan Watershed, Northern Thailand, over a 10-year period
(2013-2022) from seven stations. The data included details such as province, period, station name,
station code, and rainfall amount. The annual accumulated rainfall average and the maximum and
minimum rainfall were calculated to observe the correlation and variability of rainfall, whether
increasing or decreasing.

2.3. Methodology

2.3.1. Normalized Monthly Precipitation Anomaly Percentage (PA)

This measures the deviation of rainfall from the average over a specified period and can be
analyzed using Equations 1 and 2 (Shao-E & Bing-Fang, 2010).

P-P

PA *100% )

The current precipitation, denoted as P, and the mean precipitation during the same period,
denoted as P, are used to calculate the Precipitation Anomaly (PA). This PA can be utilized to assess
drought conditions based on the deviation from the average rainfall. The PA values may be either
positive or negative. An alternative approach is to derive a Monthly Precipitation Anomaly
Percentage (NPA) with values ranging from 0 to 1 using the Equation 2.

NPA =2 PAun @
PAnax B I:)Anin

The minimum and maximum values of the NPA are denoted as PAmin and PAmax, respectively.
2.3.2 Vegetation Health Index (VHI)

VHI considers the biophysical and climatic conditions of the local area and can be used to
monitor actual plant drought in different agrometeorological regions. The basic principle of VHI is

that low NDVI and high LST indicate poor plant health. VHI can be analyzed using Equations 3-5
(Kogan, 1998).

vey — _NDVI - NDVI,y, @
NDVI, ., - NDVI,;,
Top - LST-PAy, "
LST, . -LST.i.
VHI =a*VCl +b*TCI (5)

NDVImin and NDVImax represent the minimum and maximum values of NDVI, while LSTmin
and LSTmax represent the minimum and maximum values of LST. The weight coefficients of VCI
and TCI are denoted as a and b. Given the current lack of knowledge regarding the contribution of
moisture and temperature during the vegetation cycle, it is assumed that the share of VCI and TCl is
equal (a= b= 0.5). The VHI for the study area was calculated from January to December over the
entire period from 2001 to 2014.
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2.3.3. Normalized Vegetation Supply Water Index (NVSWI)

During periods of drought, plants close their stomata to conserve water, which in turn reduces
transpiration as leaf surface temperature (LST) rises. This phenomenon is evident in smaller plants as
a result of lower soil evaporation. Equations 6-7 can be utilized to analyze NVSWI (Carlson et al.,
1994).

NDVI
VSWI = ——
LST ©)

The VSWI is limited to representing relative spatial location and cannot be compared over time
series. Therefore, the NVSWI was introduced, calculated using the formula provided by Abbas et al.,
(2014).

VSWI -VSWI ;.
VSWI 1 -VSWI

NVSWI = )

VSWImin and VSWImax represent the minimum and maximum values of VSWI for the pixel
over the study period. The NVSWI for the Nan Watershed from January to December for the entire
period of 2012-2022 was computed.

2.4. Correlation and Simple Linear Regression Analysis

This involves Correlation (Equations 8) and Simple Linear Regression Analysis (Equations 9)
between the TRMM 3B43 product and ground-based rainfall data and the three types of droughts
indices.

o XX 0Y) ©
07D (% -y

r represents the correlation coefficient. x; denotes the values of the x-variable within a sample.

)_( signifies the average of the x-variable values. y; indicates the values of the y-variable in a sample,
while y represents the mean of the y-variable values.

y=ax+Db 9)

In this context, Y signifies the dependent variable, a indicates the slope of the regression equation,
X refers to the independent variable, and b represents a constant term.

3. RESULTS AND DISCUSSION

3.1. NDVI and LST Analysis Results

The analysis results of NDVI are shown in Table 1, which presents the NDVI values in the Nan
Watershed. Table 1 indicates that NDVI values are highest in October, with a maximum value of
0.758, and lowest in April, with a value of 0.488. This suggests that NDV1 values are high during the
rainy season and low during the summer due to insufficient water or drought conditions. The central
and lower parts of the Nan Watershed have higher NDVI values due to irrigation water, promoting
better plant growth.
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Table 1.
Analysis result of NDVI.

NDVI 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Jan 0.593 0.595 0.684 0.626 0.632 0.593 0.593 0.595 0.684 0.632
Feb 0.570 0.543 0.575 0.585 0.627 0.570 0.543 0.543 0.575  0.627
Mar 0.618 0.532 0.516 0.620 0.581 0.618 0.635 0.532 0.516 0.581
Apr  0.565 0.494 0.488 0.657 0.715 0.565 0.596 0.494 0.488 0.715
May 0.553 0.628 0.516 0.691 0.634 0.553 0.632 0.628 0.516  0.634
Jun 0.687 0.737 0.575 0.687 0.554 0.687 0.687 0.737 0.575 0.554
Jul 0.698 0.752  0.691 0.748 0.590 0.698 0.654 0.752 0.691  0.590
Aug  0.717 0723 0.739 0.767 0.751 0.717 0.654 0.753 0.739  0.751
Sept  0.705 0.750 0.729 0.675 0.752 0.705 0.659 0.750 0.729  0.752
Oct 0.694 0.746 0.758 0.714 0.664 0.694 0.657 0.746 0.748 0.697
Nov  0.693 0.698 0.688 0.688 0.697 0.693 0.752 0.698 0.688 0.697
Dec 0.632 0.616 0.631 0.645 0.706 0.632 0.658 0.616 0.631 0.706

In contrast, the upper part of the basin, which is mountainous and far from irrigation sources,
shows lower NDVI values. Fig.2(a) illustrates that the upper basin, shown in yellow to orange (low
NDVI), and the lower basin, shown in green (high NDV1), do not face severe drought due to irrigation
water mitigating drought effects. LST analysis results are presented in Table 2 and Fig.2(b).

Table 2.
Analysis result of LST.

NDVI 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Jan  27.55 27.55 2654 2837 2798 27.60 2633 28.56 27.60 28.52
Feb  30.69 30.69 30.27 2938 30.72 31.17 30.65 29.08 31.17 29.08
Mar  32.76 3276 33.61 34.65 33.69 3349 32.64 32.62 33.49 32.63
Apr  33.75 33.75 3477 3829 34.62 36.73 33.87 34.61 36.73 32.65
May 3433 3433 3499 36.99 3330 3359 32.61 3259 3321 29.77
Jun 2956 29.56 32.71 3133 29.76 29.56 27.36 29.77 31.01 28.37
Jul 28.96 2896 2939 28.62 28.42 28.62 2836 2837 29.13 28.25
Aug 2745 2745 2873 29.13 28.19 27.54 2877 28.25 27.24 28.06
Sept 2743 2743 2839 26.72 2837 2743 27.70 28.06 26.51 27.62
Oct 2849 2849 2841 27.77 27.50 28.65 27.63 27.62 27.16 27.36
Nov 2842 2842 2788 28.28 2737 28.64 27.66 2549 27.63 25.49
Dec 2792 24.65 27.18 27.68 26.49 27.99 27.65 2736 26.69 26.12

Figure 2(b) shows that the central and lower parts of the Nan Watershed, being urban areas, have
moderate to high LST values (yellow to red), caused by heat emissions from human activities. The
upper part, being mostly mountainous and forested, has low LST values. Table 2 shows that LST is
highest in April (summer), reaching 36.73°C, and lowest in December at 24.65°C.

3.2. Verification of TRMM 3B42 Product with Ground Station Data

The accuracy verification of the TRMM 3B42 product with ground-based rainfall data in this
study is shown in Fig. 3. The figure 3 shows a high correlation between TRMM 3B42 data and
ground-based rainfall data, with a correlation coefficient of 0.894. Therefore, the TRMM 3B42
product can be used to determine rainfall patterns in the Nan Watershed.
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Fig. 3. Correlation between TRMM 3B42 data and ground-based rainfall data.
3.3. Evaluation of Suitable Drought Indices

To select the most appropriate index for the Nan Watershed, the indices used in this study (NPA,
VHI, and NVSWI) were evaluated for correlation using the TRMM 3B42 product. To assess the
suitability of drought indices for evaluating agricultural drought risk in high areas, the study
categorized drought levels into five levels, as shown in Table 3. The suitable drought index was
determined by comparing each calculated index to the criteria, then analyzing the correlation of the
three indices with the TRMM 3B42 product.
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Table 3.
Drought levels into five levels.
Degree of Drought level of drought
0-0.20 Severe drought
0.21-0.40 Moderate drought
0.41 —0.60 Low drought
0.61 —0.80 Normal
0.81-1 Humid

- NPA Index: This index calculates the monthly deviation percentage of rainfall, using rainfall
data from ground stations in the Nan Watershed, as shown in Table 4. Table 4 indicates that NPA
values are relatively low from January to March, increase from April to September, and then decrease
until December (maximum NPA value of 1 and minimum of 0). The highest NPA values occur in
June and July. The average NPA index from 2013-2022 shows low values in 2013-2014, an increase
in 2015, and little variation in subsequent years, with a maximum value of 1.000 in 2016 and a
minimum of 0.000 in 2013. A limitation of this index is its inability to assess spatial distribution, as
NPA only considers rainfall, causing some monthly discrepancies in analysis results. Despite this, a
statistical correlation analysis between TRMM 3B42 and NPA shows a high correlation, with a
coefficient of 0.867, indicating a strong relationship between the two variables.

Table 4.
Exhibits the mean value of the NPA index.

NPA 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Jan 0 0.512 1 0.569 0 0 0.011 0.194 0.633 0
Feb 0.201 1 0.032  0.009 0 0.110  0.845 0 0.379  0.110
Mar 0.147 0.246 0.016 0.199 0 0.084 1 0.176 _ 0.019  0.084
Apr  0.612 0.692 0.529 0 1 0.204 0.194 0.578 0.194 0.265
May 0368 0.398 0.264 0.588 1 0.068 0.184 0.599 0 0.596
Jun 0.981 0.656 0.292 1 0.839 0.138 0471 0.298 0.138 0.194
Jul 0.560 0.482 0.351 0.687 1 0.205 0.510 0.766  0.205  0.184
Aug 0429 0.753 0.292 1 0.860 0307 0.387 0387 0.307 0.068
Sept  0.707 0316 0.267 0.311 0.626  0.005 1 0.984 0.005 0.766
Oct 0416 0364 0.401 0.571 0 0.220 1 0.158 0220  0.17
Nov 0546 0341 0.679 0.459 0.133  0.006 0 0.442  0.006 1
Dec 0.362 0.003 0.435 0.001 0 0 1 0.041  0.003 0

- VHI Index: The VHI Index is calculated by analyzing NDVI and LST data to create a drought
monitoring index that reflects normal NDVI conditions. According to the VHI analysis results
presented in Table 5, the highest VHI values are observed in March and November, reaching a value
of 1, while the lowest values are recorded in January, with a value of 0.027. The VVHI generally shows
an increasing trend over the years, except for 2013 and 2016 when low values were observed. A
statistical correlation analysis between TRMM 3B42 and VHI indicates a strong inverse correlation,
with a coefficient of -0.8179. This study highlights significant monthly variations in NDVI and LST,
leading to an overestimation of drought severity in the analysis results.

- NVSWI Index: This index factors in plant transpiration affected by changes in LST. As LST
increases, plant stomata close to conserve water, reducing transpiration. NVSWI analysis results
(Table 6) show the highest value of 0.031 in October 2016 and the lowest of 0.020 in February 2015.
The average NVSWI index from 2013-2022 shows little yearly variation. Spatial analysis divides the
basin into three parts: the upper basin, being high and natural, faces more severe drought due to lack
of irrigation; the central basin, between natural and irrigated areas, faces moderate drought; and the
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lower basin, mostly irrigated, faces minimal drought impacts due to irrigation water. A statistical
correlation analysis between TRMM 3B42 and NVSWI shows a high correlation, with a coefficient

of 0.956.
Table 5.
Exhibits the mean value of the VHI index.

VHI 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Jan 0.315 0.728 0.047 0.662 0.877 0.517 0.726 0.222 0.027 0475
Feb 0.885 0.655 0417 0.123 0.614 0.136 0.664 0.331 0.416 0.707
Mar 0.585 0399 0416 1.000 0.654 0.625 0.393 0408 0.356 0.532
Apr 0.455 0.515 0370 0.500 0.458 0.488 0.522 0405 0.299 0.865
May 0.533 0348 0.682 0.622 0.584 0.395 0.578 0.500 0.558 0.756
Jun 0.379 0.578 0.519 0.514 0.609 0.533 0.557 0.389 0.500 0.239
Jul 0.588 0.877 0495 0486 0.559 0499 0.812 0.692 0.500 0.237
Aug 0.467 0574 0379 0.997 0350 0487 0844 0.673 0.764 0.581
Sept 0.578 0.413 0.734 0.500 0.755 0493 0465 0.176 0914 0.589
Oct 0.839 0.804 0.883 0.817 0.530 0377 0426 0.426 0.561 0.500
Nov 1.000 0461 0.725 0.696 0.769 0.056 0.236 0.365 0.492 0.605
Dec 0.681 0.072 0.886 0.661 0.532 0333 0.361 0.395 0399 0457

Table 6.

Exhibits the mean value of the NVSWI index.

NVSWI 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Jan 0.022 0.028 0.023 0.024 0.027 0.023 0.024 0.028 0.023 0.023
Feb 0.022 0.021 0.002 0.019 0.020 0.017 0.020 0.018 0.022 0.017
Mar 0.019 0.016 0.016 0.021 0.018 0.017 0.021 0.016 0.017 0.017
Apr 0.018 0.015 0.014 0.010 0.016 0.016 0.023 0.013 0.025 0.014
May 0.017 0.011 0.018 0.013 0.019 0.014 0.024 0.015 0.019 0.020
Jun 0.022 0.021 0.017 0.020 0.024 0.017 0.026 0.017 0.016 0.026
Jul 0.025 0.024 0.023 0.024 0.023 0.023 0.028 0.026 0.018 0.027
Aug 0.026 0.026 0.022 0.026 0.024 0.024 0.026 0.028 0.027 0.027
Sept 0.029 0.026 0.025 0.028 0.026 0.024 0.022 0.023 0.022 0.025
Oct 0.028 0.028 0.027 0.031 0.027 0.024 0.026 0.026 0.024 0.023
Nov 0.027 0.025 0.025 0.025 0.027 0.028 0.025 0.025 0.024 0.024
Dec 0.023 0.026 0.025 0.024 0.026 0.025 0.025 0.025 0.026 0.018

4. CONCLUSIONS

The growth of crops, global food prices, and political unrest are all influenced by drought. The
upper Nan Watershed faces severe drought due to mountainous terrain and distance from irrigation,
while the central and lower basin areas experience less severe drought due to irrigation. The highest
drought occurred in 2013, with the lowest in 2015. Annual droughts are normal, with severity
depending on rainfall and climatic variability. The Nan Watershed shows an increasing drought trend.
This study aims to evaluate suitable drought indices for assessing agricultural drought risk in highland
regions, focusing on the Nan Watershed in Northern Thailand. The analysis of three drought indices
(NPA, VHI, and NVSWI) with the TRMM 3B42 product finds NVSWI to have the highest correlation
(0.956), indicating its suitability for monitoring agricultural drought in high area highland regions s
of the Nan Watershed.
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